The paper presents results of computational experiments in which the impact of design representations on the performance of an evolutionary multiobjective structural design processes was investigated. Specifically, two classes of design representations (i.e., direct representations and generative representations) were used to minimize the total weight and the maximum horizontal displacement of steel structural systems in tall buildings. In the reported experiments, the Strength-Pareto Evolutionary Algorithm 2 was used to determine the shapes of Pareto fronts for this two-objective design optimization problem and the impact of the design representation on the results produced. The obtained results have shown that the type of the design representation has a significant impact on the shape and location of the Pareto front in this complex problem domain.
I. Introduction
ESIGN representations constitute one of the key components of any evolutionary design application. Direct representations, which map each structural member to a corresponding gene (i.e., 1-to-1 mapping), have been traditionally used in the vast majority of structural design applications 1 . Recently, alternative ways of representing engineering systems have been proposed and empirically investigated [2] [3] [4] . They include generative representations which do not encode complete structural designs but rather rules on how to develop, or 'grow,' these designs 4, 5 . However, most applications of generative representations in structural design considered only single-objective optimization problems and hence little is known about their impact on the performance of multiobjective optimization algorithms.
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In this paper, results of an empirical comparison of direct and generative representations for multiobjective structural design are reported. The two types of design representations have been tested on a complex multiobjective structural engineering problem of designing steel structural systems in tall buildings in which the total weight and the maximum horizontal displacement were both minimized. Several versions of this design problem were investigated by varying the sizes of the design spaces (the number of types of structural members available) and the aspect ratio of the tall building.
In the computational experiments, the Strength-Pareto Evolutionary Algorithm 2 (SPEA2) 6 was used to discover the shapes of Pareto fronts for various versions of this two-objective design optimization problem. Specifically, the results produced by each type of design representation were compared in terms of the overall shape of the Pareto fronts and the number of non-dominated solutions found. Two sets of computational experiments were conducted to determine the sensitivity of the results with respect to the aspect ratio of the tall building: one for tall buildings with relatively low aspect ratio (30 stories and 5 bays) and the other with much higher aspect ratio (36 stories and 3 bays).
The paper is divided into several sections. First, selected background knowledge on various types of evolutionary design representations is provided together with a brief description of the multiobjective structural design problem investigated in this paper. Next, direct and generative representations of steel structural systems used in the reported experiments are introduced and compared. Further, research questions and experimental settings used to answer these questions are described and followed by the discussion of the experimental results obtained in the multiobjective structural design experiments. Finally, conclusions discussing the impact of the type of design representation on the performance of evolutionary multiobjective structural design processes are presented.
II. Background

A. Evolutionary Representations in Structural Design
Design representations play an important role in any computational design activity as they define the space in which design are sought by a search, or an optimization, algorithm. Their choice is highly influenced by the goal of the computational design process, i.e., whether the emphasis is on optimality in terms of numerical values in the context of a specific design concept (detailed design), or on the generation of novel design concepts (conceptual design). Design representations in conceptual design are usually expressed in terms of symbolic attributes whereas numerical attributes are used mostly in detailed design 7 . Traditionally, evolutionary design applications in structural engineering were focused mostly on design optimization issues. Consequently, the vast majority of applications used relatively straightforward parameterizations of structural systems and encoded them in the form of direct representations with binary, real, or integer-valued attributes 1 . In recent years, there has been a growing interest in applying evolutionary methods to conceptual design problems 8, 9 . This has been coupled with significant research on finding alternative ways of representing designs, especially in the context of creative design 10 . Several researchers investigated generative representations which do not encode complete design concepts but rather rules which determine how to construct these designs 2, 11, 12 . As a result of these studies, new ways of encoding structural designs have been proposed, including Voronoi-based representations 3 , tree-based representations 13 , and cellular automata 4 . A comprehensive discussion of the state-ofthe-art in structural design representations and evolutionary computation in structural design in general can be found in Ref. 1 .
B. Structural Systems in Tall Buildings
Design of steel structural systems in tall buildings is considered as one of the most complex problems in structural engineering. Skeleton structures are designed to provide structural support for tall buildings. They have to satisfy various requirements and constraints regarding the building's stability, transfer of loads (gravity and wind), and deformations. These structures are usually designed as a system of vertical members called columns, horizontal members called beams, and various diagonal members called wind bracings, since they are added to brace columns and beams in order to increase the flexural rigidity of the entire system.
In this paper, the problem of conceptual design of a wind bracing system in a skeleton structure of a tall building is considered. In this problem, an optimal topology of only wind bracing members is sought assuming the same configurations of beams, columns, and supports throughout an entire design process. In this case, however, crosssections of all members (including beams, columns, and wind bracings) are optimized during the detailed design stage (sizing optimization).
The structural designs of wind bracing systems have been optimized (minimized) with respect to two objectives: the total weight of the steel structural system and its maximum horizontal displacement (also called "sway"). The total weight provides a good estimate of the cost of a steel structural system while the maximum horizontal displacement gives a good measure of its stiffness. The two objectives are usually conflicting; the reduction of weight of a steel structure increases its maximum horizontal displacement (and thus reduces its stiffness) and vice versa. As the authors' previous study has shown 14 , the trade-offs between the two objectives are sensitive to the aspect ratio of the tall building. Hence, in the experiments reported, two types of topologies of tall buildings were American Institute of Aeronautics and Astronautics considered: one with relatively low value of the aspect ratio (buildings with 30 stories and 5 bays) and another with much higher aspect ratio (buildings with 36 stories and 3 bays).
III. Structural Design Representations
In this section, two types of representations of steel structural systems in tall buildings are introduced, i.e., direct representations and generative representations utilizing one-dimensional cellular automata.
C. Direct Representations
In direct representations of structural systems, design attributes describing structural members are directly encoded as genes. The genes are subsequently grouped together in linear genomes and evolved by evolutionary algorithms (EAs). This is illustrated in which shows a direct representation of a wind bracing system in a steel skeleton structure In this paper, fixed-length genomes are used to represent wind bracing systems in tall buildings. For example, the wind bracing system of a 10-story building with 4 bays shown in is represented by a genome consisting of 40 genes. However, the length of a genome depends on the number of stories and bays in the structural system considered.
In the experiments with 30-story buildings with 5 bays (Problem 1), direct representations had the length of 150 genes, while the experiments with 36-story buildings with 3 bays (Problem 2) required 108 genes. Once the topology of a tall building has been determined, then the length of the genotype was completely defined and did not change during the multiobjective evolutionary design process. a shows the types of wind bracing elements considered in this paper. It shows that up to 7 types of wind bracings were used to design wind bracing systems in tall buildings. These wind bracing types were represented in genomes by integer values from 0 to 6 as shown in b.
D. Generative Representations
The generative representations of steel structural systems in tall buildings investigated in this paper have been initially proposed in Ref. 4 . They do not encode complete designs of wind bracing systems but rather rules on how to gradually build these designs from initial 'design embryos' by applying 'design rules.' a provides a schematic diagram of the structure of the genome. It consists of 2 distinct parts. The first part encodes the design embryo which defines the initial configuration of wind bracings at the first story of a tall building. The second part of the American Institute of Aeronautics and Astronautics genome encodes the design rule (based on one-dimensional cellular automaton rule) which is repeatedly applied to this design embryo to develop a complete design of a wind bracing system.
A specific instance of a design of a wind bracing system represented by this generative representation is shown in b. In this case, only two types of wind bracings are used: no bracing and simple X bracing (see ). The design embryo shown in the first part of b defines the configuration of the first story of the wind bracing system as shown in c. The complete design is gradually built by applying the design rule encoded in the second part of b as illustrated in c. It shows that the number of iterations of the design rule depends on the number of stories in a tall building. A detailed description of this type of representations can be found in Ref. 15 . The length of the generative representation of a wind bracing system depends not only on the number of stories and bays in a tall building but also on the number of types of wind bracings defining the design space. Thus, a 30-story building with 5 bays (Problem 1) with two types of wind bracings elements is represented by 13 genes and with all 7 types of wind bracing elements by 348 genes. Similarly, a 36-story building with 3 bays (Problem 2) requires 11 genes when two types of wind bracings are used and 346 genes when all 7 types are used.
IV. Experimental Settings
A. Research Questions
The computational experiments reported in this paper were designed to answers the following research questions:
1) What are qualitative and quantitative differences between Pareto fronts obtained using direct and generative representations? 2) What is the impact, if any, of the aspect ratio of the tall building on the Pareto front for each type of the design representation? The experimental parameters described in the following sub-sections were determined specifically to answer these questions.
B. Domain Parameters
As discussed earlier, the authors' previous study 14 has shown that the aspect ratio of a tall building has significant impact on the shape of the Pareto front. Thus, in order to answer research question No. 2, we investigated two structural design problems in which the buildings' topologies differed in their aspect ratios. Specifically, the two problems were defined as follows:
• Problem 1: 30-story buildings with 5 bays with the aspect ratio equal to 4.2 • Problem 2: 36-story buildings with 3 bays with the aspect ratio equal to 8.4 These two problems were further subdivided into three groups depending on the number and types of wind bracings used in each multiobjective structural design experiment: • Problem 1a and Problem 2a: experiments with two types of wind bracings (no bracing and simple X)
• Problem 1b and Problem 2b: experiments with two types of wind bracings (no bracing and K)
• Problem 1c and Problem 2c: experiments with all 7 types of wind bracings (see ) Table 1 shows that the height of each story and the width of each bay were kept the same for all designs problems and equal to 14 ft and 20ft, respectively. dth of each bay were kept the same for all designs problems and equal to 14 ft and 20ft, respectively.
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In the structural analysis conducted by SODA, dead, live, and wind loads were considered. The magnitudes of the loads used in the design experiments reported in this paper are provided in . Five load combinations were considered, including the following combinations of loads: Table 2 • Table 3 shows the values of the representational parameters used in the multiobjective structural design experiments. As discussed earlier, two types of design representations were investigated: direct and generative. Moreover, the length of genome for direct representation type depended on the design problem considered: 150 genes for Problem 1 and 108 genes for Problem 2. For generative representations, one dimensional cellular automata (1DCA) were used with periodic boundary conditions and the radius of the local neighborhood equal to 1. The lengths of genomes depended both on the design problem and the number of wind bracings used and varied from 11 genes to 348 genes.
C. Representational Parameters
D. Evolutionary Parameters
Evolutionary computation parameters and their values are reported in Table 4 . It shows that in the reported experiments SPEA2 was used to minimize the total weight and the maximum horizontal displacement of steel structural systems in tall buildings. The values of the remaining evolutionary parameters were chosen based on the results of previous sensitivity studies reported in Ref.
14 . Thus, the population size was assumed equal to 100 and the SPEA2 archive size equal to 10 in all multiobjective design experiments. The mutation and crossover rates were equal to 0.05 and 0.2, respectively. The multiobjective design experiments were terminated after 1,000 generations which corresponds to about 100,000 fitness evaluations.
V. Experimental Results
In this section, experimental results are reported in two subsections. First, the obtained results on qualitative and quantitative differences between the Pareto fronts for both types of design representations (research question No. 1) are discussed. Next, the impact of the aspect ratio on the sensitivity of the results is described.
A. Qualitative
and Quantitative Differences Figure 4 shows a typical shape of the Pareto front obtained in multiobjective structural design experiments. Here, the Figure 4 shows the non-dominated solutions found in the experiment with generative representations for Problem 1c. The figure displays more than 3,300 non-dominated solutions found. These non-dominated solutions were extracted from the entire set of all 100,000 solutions produced in this single run.
It is clear that in this case the Pareto front can be divided into two distinct regions: leftmost region corresponding to relatively low values of the total weight of the structural system and relatively higher values of its maximum horizontal displacements and rightmost region corresponding to much higher values of the total weight and significantly lower values of the maximum horizontal displacements. From the feasibility (and cost!) point of view, only the leftmost part of the Pareto front will be of interest to structural designers. Thus, in the remainder of this paper, only non-dominated designs whose total weight is lower than 800,000 lbs. have been reported and analyzed. Figure 5 compares the total number of non-dominated solutions found with the numbers of feasible nondominated solutions (designs with the total weight less than or equal to 800,000 lbs.) for all types of design representations for Problem 1. It is clear that generative representations generally produced larger numbers of nondominated solutions when compared to direct representations. This was true for Problems 1a and 1c. On the contrary, direct representations for Problem 1b produced larger number of non-dominated solutions when compared to the generative representations. However, the differences in this case were not large.
The Pareto fronts obtained by direct and generative representations in multiobjective optimization experiments for Problems 1a, 1b, and 1c are compared in Figures  6-8 . Specifically, Figure 6 shows Pareto fronts corresponding to feasible structural designs obtained for Problem 1a (simple X bracings). In this case, there is a large overlap region in the rightmost part of the fronts showing that both types of design representations produce similar if not identical results. Direct representations, however, achieve better spread and coverage of the front. The biggest differences occur in the leftmost part of both fronts.
First, direct representations produced much better designs corresponding to the lowest values of the total weight than can be achieved for Problem 1a. They clearly dominate solutions produced by generative representations. There is also a small region in the Pareto front produced by generative representations (total weight within the range of 460,000-480,000lbs.) in which structural designs produced by one-dimensional cellular automata dominate solutions generated by direct representations.
The situation is slightly different in Figure 7 which shows the two Pareto fronts produced for Problem 1b (K bracings). Here, similarly as before, direct and generative representations produce rightmost parts of the Pareto fronts which largely overlap and direct representations achieve better coverage of the front. In the central part of the front, however, direct representations produce designs which clearly dominate all solutions produced by generative representations. There is also a leftmost part of the Pareto front produce by generative representations corresponding to designs with lowest total weight and maximum horizontal displacements within the range of 9 to 10 in. This part of the Pareto front has been only achieved in experiments with generative representations and direct representations could not find these solutions.
Finally, Figure 8 shows Pareto fronts obtained for Problem 1c (all 7 types of wind bracings).
Here, the two representations produced fronts which mostly overlap. There is, however, a significant portion of the Pareto front corresponding to designs with the lowest total weight which are only produced by generative representations.
Further analysis of the results of conducted experiments has identified other interesting relationships among Pareto fronts. Figure 9 shows three Pareto fronts corresponding to Problems 1a, 1b, and 1c and produced by generative representations. It clearly shows that structural designs composed of simple X bracings produce Pareto optimal solutions corresponding to relatively larger values of the total weight and smaller values of the maximum horizontal displacements. On the contrary, structural designs composed of K bracings occupy the region of the Pareto front corresponding to much lower values of the total weight and larger horizontal displacements. An interesting observation can be also made based on results shown in Figure 9 . When generative representations use the entire set of all 7 types of wind bracings, they produce a Pareto front which includes "best of both worlds," i.e., it rightmost part overlaps with the Pareto front produced by designs composed of simple X bracings, and its leftmost part overlaps with the Pareto front produced by designs composed of K bracings. Additionally, these two regions are connected by a well-covered central region which was only achieved in experiments with all 7 types of wind bracings. American Institute of Aeronautics and Astronautics Figure 10 shows that direct representations produced qualitatively different results. Here, as before, structural designs composed of simple X bracings produced designs with lower maximum horizontal displacements and larger values of the total weight. They clearly dominate designs produced in the experiments with K bracings in this region of the twoobjective space.
Similarly, direct representations for Problem 1b (K bracings) produce designs with lowest total weight and relatively larger displacements. However, direct representations for Problem 1c (all 7 types of wind bracings) do not achieve "best of the two worlds" as was observed before for generative representations. On the contrary, they focus only on compromise solutions corresponding to the central region of this two-objective space. 
B. Impact of the Aspect Ratio of the Tall Building
An increase in the value of the building's aspect ratio had an impact on the shape and location of the Pareto front in the twoobjective fitness space. Figures 11 and 12 illustrate these differences for Problems 1a and 1b, respectively. Specifically, Figure  11 shows that for Problem 2a direct and generative representations produce fronts which are shifted upwards in the direction of increased max horizontal displacements when compared to the same fronts obtained for Problem 1a. Also, direct representations produce Pareto front with much better coverage than generative representation for Problem 2a. This may be caused by the limited space (only 3 bays) available for the iteration of generative representations based on one-dimensional cellular automata. Figure 12 shows similar results obtained for Problems 1b and 2b. Here again, the Pareto fronts have been shifted upwards in the direction of larger horizontal displacements for buildings with the higher aspect ratio. In this case, however, direct representations produce Pareto front which clearly dominates the front obtained in the experiments with generative representations for Problem 2b. An interesting observation that can be made when analyzing results presented in Figure 12 is that generative representations produce leftmost part of the Pareto fronts for Problems 1b and 2b which cannot be achieved by direct representations. This is true irrespective of the aspect ratio of the tall building. Thus, these representations must naturally produce certain configurations of wind bracing systems American Institute of Aeronautics and Astronautics composed of K bracings which correspond to Pareto optimal solutions for these problems and direct representation have problems in finding these configurations during the multiobjective optimization process.
Finally, similarly as in Figure 9 , we compared Pareto fronts produced by generative representations for Problems 2a, 2b, and 2c, i.e., for buildings with the same large value of the aspect ratio by utilizing different types of wind bracings in the multiobjective structural design process. The results of this analysis are presented in Figure  13 . It shows that generally steel structural systems composed of simple X bracings produce structural designs with lowest horizontal displacements and a relatively larger total weight when compared to designs utilizing K bracings. When the set of all 7 types of wind bracings is available, the generative representations find regions of the Pareto front overlapping with regions obtained by both simple X bracings and K bracings. They also achieve a very good coverage of the entire front which is not available for multiobjective design processes utilizing only either simple X bracings or K bracings. These findings generally agree with the ones reported earlier for tall buildings with the lower value of the aspect ratio. Thus, they seem to be valid for various classes of steel structural systems in tall buildings produced using generative representations based on onedimensional cellular automata. Similar analysis was conducted for experimental results obtained in the experiments with direct representations for Problems 2a, 2b, and 2c. It yielded similar results to the ones shown in Figure 10 , and hence the figure showing these results has been omitted. Generative Problem 2b Direct Problem 2b Generative Problem 1b
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Direct Problem 1b 
VI. Conclusions
In this paper, the results of an empirical analysis of the impact of the type of design representation on the shape of the Pareto front have been reported. In the study, two types of design representations were used to minimize the total weight and the maximum horizontal displacement of steel structural systems in tall buildings. They included traditionally used direct, or parameterized, representations and generative representations based on one-dimensional cellular automata. In the reported experiments, the Strength-Pareto Evolutionary Algorithm 2 was used to determine the shapes of Pareto fronts for this two-objective design optimization problem for both types of design representations.
The conducted design experiments were focused on qualitative and qualitative differences between Pareto fronts obtained using different types of design representations. The analysis of the experimental results revealed that generative representations in general produce larger number of non-dominated solutions than direct representations. On the contrary, direct representations typically achieved better coverage (spread) of the entire Pareto front. However, there are regions of the Pareto fronts (important from an engineering point of view as they correspond to the least weight designs) which were identified in the experiments with generative representations but could not be produced when using direct representations.
The results presented in this paper clearly suggest that representations play an important role in multiobjective design optimization. Moreover, it is difficult to identify a specific type of the design representation which produces better results than others. On the contrary, each representation type has its own advantages and limitations in terms of their ability to produce best approximations of the true Pareto fronts for complex structural design problems. Thus, as a practical outcome of this study, the authors suggest using various types of design representations for conducting initial explorations of complex design spaces. Then, once the overall shape of the Pareto front has been found, best performing representations can be used to perform more focused analysis of specific regions of the Pareto front.
